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Extended Abstract

Background: Accurate river flow measurements are essential for effective water resource
management, flood mitigation, river conservation and restoration, and stream rehabilitation. The
majority of flood control and design flow strategies in river management and restoration
initiatives are derived from hydrological and hydraulic analyses based on observed river flow.
Hydrological investigations are fundamentally reliant on observational statistical data, which
frequently contain multiple errors. Outliers, which are defined as data points deviating
significantly from the norm, can introduce substantial calculation errors. Outlier detection
techniques include supervised, semi-supervised, and unsupervised approaches, which may
include distribution-based, clustering-based, and density-based methods. These errors can arise
from computational issues, misreporting, sampling inaccuracies, and human or instrumental
errors, leading to problems such as unrecorded data, incorrect values, equipment failure or loss,
and the misidentification of outliers as missing data. Consequently, the estimation and assessment
of these data are essential for their application in models, and to mitigate mistakes, preprocessing
must be performed before their utilization. Preprocessing methods prepare data series for
computations, such as classification, prediction, and estimation, and include the elimination of
missing data, removal of outliers, imputation of missing values, and data normalization.
Method: This study utilized flow and rainfall data from six hydrometeorological stations and 16
rain stations to identify outliers and impute missing or incomplete hydrological values. The data,
obtained from the Zarrineh-roud basin, were implemented using R software. The Zarrineh River
watershed constitutes the largest watershed of Lake Urmia. Normalization tests, including the
Shapiro-Wilk and Kolmogorov-Smirnov tests, were used to normalize the data, and the findings
indicated that the data did not conform to a normal distribution. Subsequent to data normalization,
outlier detection was executed using approaches including boxplot, z-score, histogram, chi-
square, mean and standard deviation, and median techniques. Values exceeding the established
maximum were removed. Missing values were imputed using K-Nearest Neighbor (KNN), Lasso
regression, and Bayesian linear regression. Lasso regression is a regularization technique
designed to diminish model complexity and avoid overfitting. Bayesian linear regression is a
statistical analysis method that integrates linear regression with Bayesian techniques. The KNN
algorithm is a sample-based method related to nonparametric models and supervised learning
classification. Cross-validation was used to assess the accuracy of the imputation methods, with
RMSE and R? serving as performance metrics.

Result: According to the results, P-values at all six study stations were less than 0.05. The cross-
validation approach was used to assess the accuracy and precision of the KNN, Lasso regression,
and linear Bayesian regression techniques. RMSE values near zero and R? values above 0.7 across
all stations indicated that KNN was a robust and accurate method for missing value imputation.
It provides significantly more accurate and reliable outcomes without reshaping the data series
trend than Lasso regression and Bayesian linear regression. Outliers were removed from the Jan-
Agha and Darreh Pandedan stations during normalization. Histogram analysis revealed skewness
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and outliers at the Jan-Agha, Sarigamish, and Pol-Anyan stations, indicating a heterogeneous and
non-normally distributed dataset. Outliers were identified and removed following normalization.
The Shapiro-Wilk and Kolmogorov-Smirnov tests yielded p-values significantly below 0.05 after
normalization, confirming a normal distribution. This suggests that the normalization process and
outlier removal were executed with precision, indicating the significan detection and estimation
of outliers. The Rosner test established the upper limit for each data series across two successive
tests, classifying values beyond this limit as outliers. The consistency of the probability density
functions between the observed and imputed values using the KNN method indicates an adequate
alignment of the two probability density functions. This method has proved effective in imputing
the maximum, average, and minimum values relative to the other two methods at the studied
stations.

Conclusion: The results of this investigation indicate that the boxplot identifies data values
outside the lines as outliers, leading to a substantial number of outliers being detected compared
to the other methods. Consequently, this method is considered unsuitable for outlier detection in
hydrological data. KNN proved highly effective for missing data imputation compared to Lasso
regression and Bayesian linear regression. This study involved normalizing the data series,
calculating the values of outliers, and employing the KNN algorithm to identify incomplete or
unmeasured and missing values. In datasets exhibiting little variation, KNN has high accuracy
and is regarded as one of the most valuable and dependable techniques for attributing and
imputing missing values. Cross-validation confirmed the performance of KNN, Lasso regression,
and Bayesian linear regression. KNN achieved R? values above 0.7 and RMSE values close to
zero. KNN outperformed the other two methods in estimating missing values in continuous and
discontinuous flow data. This effectiveness is attributed to KNN's ability to identify optimal
nearest neighbor values, making it suitable for accurate predictions, even during low flow periods.
The precision of KNN stems from its computational simplicity and high efficacy in calculating
and imputing missing values while preserving the integrity of the data series.

Keywords: Bayesian linear regression, K Nearest Neighbor, Lasso regression, Shapiro-Wilk test,
Zarrineh-roud basin
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Figure 2. Probability of distribution at the studied stations
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Table 4. Results of statistical tests in study area stations

Bl e Ubodis o ool ohass oy U pllas
Jan Agha Senteh Sarigamish Pol Adinan Dare Panbedan Nezam Abad
20.73 4.23 9.55 6.01 24.62 6.76 Mean (ko)
45.88 5.97 13.43 9.57 39.24 9.40 Std (jlee 3l 5il)
-4.98 -5.52 -10.64 -7.36 -30.8 -7.05 Min (sls)
15.16 9.48 18.05 12.64 50.24 11.59 Max (,Sls)
3.35 1.97 3.73 2.64 9.72 2.27 Med («le)
Q-Q plot
0.45 0.7 0.7 0.62 0.62 0.708 Min (slss)
3.38 0.62 0.62 0.56 0.59 0.67 1% quartile (s S)l)
0.34 0.37 0.43 0.35 0.37 0.47 Median (4Le)
0 0 0 0 0 0 Mean (,:55ke)
0.27 0.12 0.24 0.02 0.15 0.205 3" quartile (pgu 1)
6.03 4.31 4.27 5.70 4.91 4.69 Max (gSls)
-1.70 -3.08 -5.97 -4.1 -17.61 -4.02 Lower band (0l L)
11.88 7.04 13.38 9.38 37.05 8.56 Upper band (Y|, xl)
(e y2 sloosls aoMs) Summary of outliers

2 3 3 3 2 2 Min (slss)
16.5 26.25 19.5 17 19 30 1** quartile (J S,l)
53 58.5 63 63 56.5 75.5 Median (4il0)
58.59 57.82 55.04 60.6 50.82 68.71 Mean (ko)
104.5 86.5 85 85 73.75 99.75 34 quartile (pgw 5l
126 118 109 129 100 129 Max (Sls)
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Table 5. Normality test results in study area stations

ok o Ol ol g by 0 o plis
Jan Agha Senteh Sarigamish Pol Adinan Dare Panbedan Nezam Abad
Rosner test 1
20.73 423 9.55 6.01 24.62 6.76 Mean (ko)
45.88 5.97 13.43 9.57 39.24 9.40 Std (hre 31yl
297.41 30 66.97 60.66 217.51 50.89 Value (,ls40)
6.02 431 4.27 5.7 491 4.69 R+l
3.47 3.45 3.41 3.48 3.39 3.46 Lambda i+1
true true true true true true Outlier (. 03l5)
Rosner test 2
18.63 4.02 9.02 5.60 22.73 6.41 Mean ((55ke)
39.15 5.52 12.29 8.34 34.40 8.58 Std (lre 31yl
253.85 27.18 65.27 51.91 182.96 47.75 Value (,l140)
6.007 4.19 4.57 5.55 4.65 4.81 R+l
3.47 3.45 3.41 3.47 3.39 3.46 Lambda i+1
true true true true true true Outlier (. 03l5)
Shapiro-Wilk test
0.45 0.69 0.69 0.62 0.63 0.71 w
0.001 0.001 0.001 0.001 0.001 0.001 P-value
Kolmogorov-Smirnov
0.38 0.23 0.23 0.26 0.26 0.23 D
0.001 0.001 0.001 0.001 0.001 0.001 P-value
Chi square Highest values
36.35 18.60 18.22 32.96 24.15 22.03 X
0.001 0.001 0.001 0.001 0.001 0.001 P-value
Chi square Lowest values
0.20 0.50 0.50 0.39 0.39 0.50 X
0.65 0.47 0.47 0.53 0.53 0.47 P-value

i Oom)S 5 9 9w auw Sy KNN  2dcuus (slawiy sl 4o Cross Validation g yds objlel guls 5l uisy =& Jod>
Table 6. Part of validation results with the cross validation method in imputing algorithms of KNN, Lasso Regression, and

Bayesian Regression
(After KNN)KNN Jloe! 51

(Before KNN) KNN (¢lya! 5l i
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s, SbT pllas Oy 0y okl b iyl e Bl ol SbT pllas oAy 0y ol oni L s Bl ol
Series Nezam Dare Pol Sarigamish Senteh Jan Nezam Dare Pol Sarigamish  Senteh Jan
Abad Panbedan Adinan s Agha Abad Panbedan Adinan 8 Agha
1 1.28 10.52 1.11 2.59 1.20 6.16 NA NA NA NA NA 6.16
2 5.07 7.11 1.84 5.14 1.65 4.34 NA NA NA NA NA 4.34
3 1.61 2.06 0.29 1.26 0.06 6.06 NA NA 0.29 NA 0.06 6.06
4 251 3.07 1.10 1.85 0.61 3.06 NA NA 1.10 NA 0.61 3.06
5 5.09 9.42 2.94 4.09 2.41 5.41 NA NA 2.94 NA 2.41 5.41
(After Lasso regression) gwY (gew)S, Jlos! 5l e (before Lasso regression) gu¥ yems)Sy Jlas! 5l i
s, SbT pllas Oy 0y okl g iyl s Bl ol SbT pllas oAy 0y okl g ani L s Bl ol
Series Nezam Dare Pol Sarigamish ~ Senteh Jan Nezam Dare Pol Sarigamish ~ Senteh Jan
Abad Panbedan Adinan s Agha Abad Panbedan Adinan 8 Agha
! 17.59 §2.04 575 7.03 557 s NA NA NA NA NA  NA
2 -0.19 -6.12 21.88 4.64 5.30 |4_15 NA NA NA NA NA NA
3 -5.53 75.72 0.29 -2.68 0.06 10.15 NA NA 0.29 NA 0.06 NA
4 1.51 1.13 1.10 30.03 0.61 6.58 NA NA 1.10 NA 0.61 NA
5 8.57 33.01 2.94 11.07 241 76.26 NA NA 2.94 NA 2.41 NA
(After Bayesian regression) iy oo )S ) Jlos! il (Before Bayesian regression) e cyeme)Sy sl 3l i
s o ol obady 0y ol by rni o i Bl oyl bl pllas oAy 0y ol b oni L - Bl
Seri Nezam Abad Dare Pol Sarigamish  Senteh 3¢ Nezam Dare Pol Sarigamish  Semteh
cries o 2 Panbedan Adinan arigamis cnte Agha Abad Panbedan Adinan argamis cnte Agha
1 13.04 69.38 -6.6 19.38 13.7 36.46 NA NA NA NA NA NA
2 6.64 31.57 0.72 -10.18 12.49 -56.9 NA NA NA NA NA NA
3 5.61 70.46 0.29 -8.56 0.06 5.7 NA NA 0.29 NA 0.06 NA
4 8.93 77.92 1.10 3.58 0.61 85.68 NA NA 1.10 NA 0.61 NA
5 26.16 -54.76 2.94 -1.58 2.41 10.98 NA NA 2.94 NA 2.41 NA
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Table 7. Statistical results of computing

missing values by KNN, Lasso Regression, and Bayesian Regression

8]l Al Olody s ol s oldasy 0y .)l.g]fUé.} A

(Jan Agha) (Senteh) (Sarigamish) (Pol Adinan) (Dare Panbedan) (Nezam Ababd) i

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 U9y
31.7 0.6 7.51 0.5 18.73 0.08 10.75 0.3 44.11 0.01 8.74 0.07 Lasso (gwY)

Bayesian
49.09 0.1 10.39 0.14 15.5 0.5 10.68 0.24 55.12 0.04 11.04 0.0001 .
(e32)
1.72 0.9 5.51 0.75 4.07 0.91 0.98 0.99 25.8 0.63 1.72 0.9 KNN
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